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Today in ML

* Lack of Transparency (The Black-box problem)

|
Cancer patient Features 2 :
. X1
. |
N Demographic data . I
-A I
N\ | X 2
s Clinical data ' '
| .
) :
Genotype data . :
|
- = Gene expression data : d
|

Konkuk university 5 Graph & Language Intelligence Lab.



Why do we need?
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Explainablity vs. Interpretability
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Challenges with graphs
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Challenges with graphs
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Overview

 Explainable GNN(XAI)
* |dentifying Informative Substructures

_ Pattern-based Information-based
GNNExplainer Explainable Graph Learning Causal Learning
_ (NIPS'19) (IJCAI'25) (AAAI'24) Identifying
Explainable GNN Informative
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(AISTATS'22) (ICLR'23)
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2. Explainable GNNs
 Factual explanations
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Explainable GNNs
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Factual Explanations: GNNExplainer (NIPS 19)
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Factual Explanations: GNNExplainer (NIPS 19)

GNNExplainer: Generating Explanations
for Graph Neural Networks

Rex Ying! Dylan Bourgeois Jiaxuan You' Marinka Zitnik Jure Leskovec!

"Department of Computer Science, Stanford University
*Robust.Al
{rexying, dtsbourg, jiaxuan, marinka, jure}@cs.stanford.edu

Cited: 2610
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Factual Explanations: GNNExplainer (NIPS 19)
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Factual Explanations: GNNExplainer (NIPS 19)
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Factual Explanations: GNNExplainer (NIPS 19)
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Factual Explanations: GNNExplainer (NIPS 19)
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Factual Explanations: GNNExplainer (NIPS 19)
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Factual Explanations: GNNExplainer (NIPS 19)
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Factual Explanations: GNNExplainer (NIPS 19)
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Factual Explanations: GNNExplainer (NIPS 19)
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Factual Explanations: GNNExplainer (NIPS 19)

 Visualization from MUTAG and BA-COMMUNITY
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Counterfactual Explanations

* Motivations
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Counterfactual Explanations: CF-GNNExplainer (AISTATS'22)

CF-GNNExplainer: Counterfactual Explanations for Graph Neural
Networks
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Explainable GNNs

* Limitations
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* Recentworks
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[1] MAGE: Model-Level Graph Neural Networks Explanations via Motif-based Graph Generation, ICLR'25
[2] G-Refer: Graph Retrieval-Augmented Large Language Model for Explainable Recommendation, WWW'25
[3] Improving Graph Neural Networks by Learning Continuous Edge Directions, ICLR'25
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Is it done?

* Explainable GNN methods cannot change overall task performance
v' Post-hocdiA e~ &, GNN O [N S HH2HA |7 |X| 252

Konkuk university 27 Graph & Language Intelligence Lab.



Is it done?

* Explainable GNN methods cannot change overall task performance
v' Post-hocdiA e~ &, GNN O [N S HH2HA |7 |X| 252

BA-Shapes BA-Community Tree-Cycles Tree-Grid
Base $ Community 0 Community 1 §3 Eﬂ c@
o £y B
N (i, o1)
Node Features None where | = community ID None None
Explanation Graph structure
content Graph structure Node feature information Graph structure Graph structure
Explanation accuracy
Adt 0.815 0.739 0.824 0.612
Grad 0.882 0.750 0.905 0.667
GNNEXxplainer 0.925 0.836 0.948 0.875 '‘REE-CYCLES TREE-GRID BA-SHAPLES
Fid. Size Spars. Acc. Fid. Size Spars. Acc. Fid. Size Spars. Acc.
Method v v A A v v A A v v A A
GNNEXxPp (Szl) 0.65 1.00 0.92 0.61 0.69 1.00 0.96 0.79 0.90 1.00 0.94 0.52
GNNExp (5':2) 0.59 2.00 0.85 0.54 0.51 2.00 0.92 0.78 0.85 2.00 0.91 0.40
GNNExp (5':3) 0.56 3.00 0.79 0.51 0.46 3.00 0.88 0.79 0.83 3.00 0.87 0.34
GNNExp (Szfi) 0.58 4.00 0.72 048 0.42 4.00 0.84 079 0.83 4.00 0.83 0.31
GNNExp (Szﬁ) 0.57 5.00 0.66 046 0.40 5.00 0.80 0.79 0.81 5.00 0.81 0.27
GNNExp (Sz L) 0.55 6.00 0.57 046 0.35 11.83 0.53 074 0.82 6.00 0.79 0.24
CF-GNNEXPLAINER 0.21 2.09 0.90 0.94 0.07 1.47 0.94 0.96 0.39 2.39 0.99 0.96
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3. Identifying Informative Substructures

CO NTE NTS * Explainability

« EXpressivity
» Causality




From Explainability to graph tasks
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Konkuk university

30

Graph & Language Intelligence Lab.



Pattern-based Explainable Graph Learning (IJCAI'25)

Explainable Graph Representation Learning via Graph Pattern Analysis

Xudong Wang', Ziheng Sun'?, Chris Ding' and Jicong Fan'**

1School of Data Science, The Chinese University of Hong Kong, Shenzhen (CUHK-Shenzhen), China
2Shenzhen Research Institute of Big Data, Shenzhen, China

{xudongwang, zihengsun } @link.cuhk.edu.cn, {chrisding, fanjicong } @cuhk.edu.cn

* Motivation
v' Graph representation vector g 210ll= OfH T2 HHDI} S0 Q=217
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Pattern-based Explainable Graph Learning (IJCAI'25)

» Keyldeas
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Pattern-based Explainable Graph Learning (IJCAI'25)

» Keyldeas
v SubgraphsE 2] ZFe| 1jZ jEHo = 1E5}
= paths, trees, cycles, cliques, stars, ...

» Paths: S is a path if there exists a sequence of distinct vertices vy,...,vr € Vg such that Eg = ((v;,v;41) @ ¢ =
1,...,k—1).
» Trees: S is a tree if it is connected and contains no cycles, i.e., it is acyclic and |Fg| = |Vg| — 1.

» Graphlets: S is a graphlet if it is a small connected induced subgraph of G, typically consisting of 2 to 5 vertices.

* Cycles: S is a cycle if there exists a sequence of distinct vertices vy, ...,vx € Vg such that Eg = ((v;,vi41) @ @ =
L....k=1)U((vg,v1))-

* Cliques: S is a clique if every two distinct vertices in Vs are adjacent, thus Eg = ((v;,v;) : v;,v; € Vg, i # j).

* Wheels: S is a wheel if it consists of a cycle with vertices vy, ..., v;r_1 and an additional central vertex vy such that vy, is
connected to all vertices of the cycle.

L o Stars: S is a star if it consists of one central vertex v, and several leaf vertices vy, ..., vr_1, where each leaf vertex is
only connected to v.. Thus, Fg = ((ve,v;) :i=1,...,k—1).
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Pattern-based Explainable Graph Learning (IJCAI'25)
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Pattern-based Explainable Graph Learning (IJCAI'25)

* Pattern Representation M
o = M) with
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Pattern-based Explainable Graph Learning (IJCAI'25)

* Representation-level explanation

Pattern | MUTAG PROTEINS DD NCII COLLAB IMDB-B REDDIT-B REDDIT-M5K
paths 0.095+0.014 0.550+0.070 0.093 +0.012 0.022 £0.002 0.587 £0.065 0.145+0.018 0.131 +£0.027 0.027 = 0.003
trees 0.046 £ 0.005 0.074 = 0.009 0.054 £ 0.006 0.063 £ 0.008 0.105 £ 0.013 0.022 £+ 0.003 0.055 £ 0.007 0.025 = 0.003

graphlets | 0.062 £+ 0.008 0.081 £0.011 0.125 £ 0.015 0.101 £0.013 0.063 = 0.008 0.084 +0.011 0.026 £ 0.003 0.054 £+ 0.007

cycles 0.654 +£0.085 0.099 =0.013 0.094 £ 0.012 0.176 £ 0.022 0.022 £+ 0.003 0.123 +0.016 0.039 £+ 0.005 0.037 = 0.005

cliques 0.082 £0.011 0.098+0.012 0.572+0.073 0.574+0.075 0.134+0.017 0.453 £0.054  0.279 + 0.069 0.256 £+ 0.067

wheels 0.026 = 0.003 0.039 £+ 0.005 0.051 £+ 0.007 0.012 + 0.002 0.068 = 0.009 0.037 £ 0.004 0.036 £ 0.005 0.0 .003
stars 0.035 £ 0.005 0.056 £ 0.007 0.011 £0.002 0.052 £+ 0.007 0.021 £0.003 0.136 £0.017 0.447+0.006 0.578 .033

Table 2: The learned A of PXGL-GNN (supervised). The largest value is bold and the second largest value is blue.

Method |  MUTAG PROTEINS DD NCI1 COLLAB IMDB-B REDDIT-B  REDDIT-M5K
GIN 84.53 £2.38 73.38 £2.16 76.38 £1.58 7336 £1.78 7583 £1.29 7252+£1.62 83274130 5248 +1.57
DiffPool 86.724+ 195 76.07 £1.62 77424214 T75424+2.16 7877136 T355+£2.14 84161128 5139+ 148
DGCNN 8429+ 1.16 7553 +£2.14 7657 £1.09 7481 %153 7759224 7219+£197 86331229 53.18 241
GRAPHSAGE | 8635+ 1.31 7421 +1.85 79.24 £2.25 7793 +2.04 7637+ 211 7386 +2.17 8559+192  51.65 4+ 2.55
SubGNN 87.52 237 76.38 £1.57 8251 £1.67 8258 +1.79 81.26 £153 71.58 £1.20 88.47 £ 1.83  53.27 £1.93
SAN 92,65 £1.53 75.62 +£2.39 8136 £2.10 83.07 £1.54 8273 +192 75274143 9038154 5549 £ 1.75
SAGNN 9324 £2.51 75.61 £2.28 84.12 +£1.73 81.29 £1.22 7994 £ 1.83 7453 257 89.57+2.13 5411 £1.22
ICL 9134 £2.19 7544 £1.26 8277 £1.42 8345+1.78 8145+121 73294146 90.13+140 56.21 £1.35
S2GAE 89.27 =153 76.47 £1.12 8430 £1.77 82.37 £2.24 8235 +234 7577 £1.72 90.21 =152  54.53 + 2.17
PXGL-GNN | 94.87 +2.26 78.23 £2.46 86.54 195 8578 +2.07 83.96+1.59 7735+232 91.84+1.69 57.36+2.14

Table 3: Accuracy (%) of Graph Classification. The best accuracy 1s bold and the second best 1s blue.

Konkuk university
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Pattern-based Explainable Graph Learning (IJCAI'25)
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Expressivity
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[1] MAG-GNN: Reinforcement Learning Boosted Graph Neural Network, NIPS'23
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Agent-based GNN (ICLR'23)

AGENT-BASED GRAPH NEURAL NETWORKS

Karolis Martinkus', P4l Andras Papp?, Benedikt Schesch!, Roger Wattenhofer!
1ETH Zurich 2Computing Systems Lab, Huawei Zurich Research Center

Cited: 33

« Motivation: “MN|S Ct 5 ZRI/USI"
v 7|2 GNN2 2 E =7} L2 message passing + pooling
v' SFX[2kgraph label2 Y5 substructure? | £k
v' sublinearet 25 Jts-d
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Agent-based GNN (ICLR'23)
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Agent-based GNN (ICLR'23)

@ Node update

» offy =0 E2)2 agent52| 'EE S Tl == HEHE BHI0|E

v; = f (ﬂfl= Z qiaa_,,;(a;l)) if |A(v;)| > Oelse vl .
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Agent-based GNN (ICLR'23)

@ Neighborhood aggregation
ESt

« 0|2 L& UH|EZ XY timestepl| == AE[0]| E¢

vi = fn (?Jf, z (ﬁ'N{w}_}ﬂ(ﬂ;)) if |A(v;)| > 0 else v!.

i}; eEN(v;)

42 Graph & Language Intelligence Lab.
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Agent-based GNN (ICLR'23)

® Agent update

. O*HIOIEEHE': BHE= ArESHO Of|0[HE YH|ES BHIO|1E

———
v' O|ZMN OO E= ikl O 22| et 22 = 20| /= BHE M0 EL| HEHE 272

t i—1 .t
; f"l (ﬂi FT’PV{HI}) -

Konkuk university 43 Graph & Language Intelligence Lab.



Agent-based GNN (ICLR'23)

@ Agent transition

» OO[HEI} Il L =2 11 0|25 B Eefoh= HAA L2 9{X|= TO|

v 0| 2tF |ogit2 dot-product attention@ £ ALz
v Gumbel softmax estimatorE AFEdH CH2 QX1 E ME

£t t t
Za;—sv; = fp (a“?:rj) for v;eN (a;),

V(a;) + GumbelSoftmax ({zui._,,.,}j for ?.:';- C Nﬁ(ai)}) .

i

(]
o

?

» %3 graph-level 0|52 2 M= readout (MLP) -2 £ agent QH|E S 1
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Agent-based GNN (ICLR'23)

Theoretical Analysis

« AgentNetO| 1-WL testE 575t= A2 &, 2-WL test2 & F1EY = Q= R E QIAIGHH, subgraph B1E0|
F o

12t 58X IS B2 4 USS Y

v R agent A agent SHIPH 0|22 L0t} 20| O[siEt 2 Q=2
* Lemma 1: AgentNet2 r-hop O 01| CHisl| #H= X O 2 depthS &afSH= DFS (IDDFS)E 2153101 0(r - INT(v)]) T THof| 2E =

CE= I:II-DOI-AOIO
—= 0o t=2 T M

= Theorem 2: Agent?} Z&5| B2 THHHIE HX|H, non-isomorphic@! 2= r-hop 0201 C
— Ol= agent?} O] LHQ| 2= node, edge, MX|0 featurelX| 2EHASHA| AlHer 4~ QIS

>r

¢ Ciagent 2% gRTt sl 20
- = agent =7 PFEQ@% ?:.*i*|9lxl o2
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Agent-based GNN (ICLR'23)

Theoretical Analysis
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Agent-based GNN (ICLR'23)

Theoretical Analysis

e k-WL test
v EO0ME SHOUIX| G E THESH= O] ARG Y| HIEXNOI M| Y12 |S

= 1-WL test: Node Color Refinement
— GNN, £38| message passing 7 [2t2| GNN2| Hi= 0} 91 A=l

L
— cycle, clique, EE= Y82 £t substructure?| RFE FLEHOHX| Zot= 37t BEQH, O|Z10| CHEFO| HE GNN(O: GCN, GAT,

-4 2T -
GIN)2| O|2X HHi=4o| AlSHM
= k-WL test: k-Tuple Color Refinement
— kN =2 L E tuple= 7| THRIZ ALE
— 2-WL test= node pairE 7|2 THI= 5, 1-WL test2 78 ~ Ql= Y8 A XE FEE = U

v’ kIt Zw0| 30, k-WL test= Y2|2| & 2 B0 SPRUX| OFIX|E 25| THEY = US
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Agent-based GNN (ICLR'23)

Theoretical Analysis

* Sublinear A|At2| It
v' AgentNet2 graph classificationO| &ef FiX| J2iEE 2 Q 2 FX| Ql=CH= Of0|C|0{o]| 7 |Hist

.................................................................. Theorem 9
Graph classE dMot= EH subgraph?t oF J2fZ0j|M CHE J2j T L S 2|
X
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Agent-based GNN (ICLR'23)

Theoretical Analysis

« X|SZE9Ql Agent Transition
v AgentNet2| M52 agent?} C+S L .2 2HESHH| MEKSHK| 94T XS HO 2 BXSHS S0 LIS
» [[2 L EE MElSH= 2f~= Dot-product attention@ =2 F1odE

2]
= 0Oflogit2 Gumbel softmaxE &4l 0|2 7 tset A0 = CHE = EE HET0H= U AFEE
— Agent?| O|& M2F MN|Z gradient descentZ St&
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Agent-based GNN (ICLR'23)

Experiments: Expressiveness on Synthetic Datasets

. ’E§°|5| substructure? t 20| IS I AgentNetO| & 12 S 2H[2 1B = UEX| &2

0| B AgentNet2 12| G2 E20 AT
v 16712 agent, 16 stepL = Aot

v AgentNeto L COHHISREHS [ GINELCH 224

=
=

=
o
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Agent-based GNN (ICLR'23)

Experiments: Efficency on Real-world Datasets

« X[CH1-WL H=EZ2 717 GINZFE HA=H0| =2 GNN O [’ X et H| !
v' 1XFGNN (PPGN, 1-2-3 GNN)2 CH2d T2 Z0|A] OOMC 2 Al|

v' DD datasetOijA AgentNet2| L & | F =l

v Higher-order GNN2 24GB GPUO|ME=CHYE 12 EE =

= 12§A ESAN, DropGINS Z 243t [1ff T2 o] 5%t

HA AN O

(k- D7t M| L= =0 M2 270l M = GINT H|s=OEALE 2 0]
RESN S

2eT Ao 2121S

Al

Model Complexity MUTAG PTC PROTEINS IMDB-B IMDB-M DD RDT-B
GIN [75] n-¥) 894 +56 646+70 T762+28 T75.1+51 523+28 T69+37 924425
DropGIN [39] Or-n-¥) 4+70 663+86 763 +6.1 75.7+42 514+28 7T64+34 899 +1.7
ESAN [8]* Nr-n-f) 91.1 +70 69.2+65 T77.1+46 T771+2.6 535+34 81.2+23 933+13
1-2-3 GNN [533]F (Hnl-#) B8 +70 640+60 T6E+3T  TI6+22 S51.1+38 OOM OOM
PPGN [51]* [’J(n“ - £) 906 +87 662+65 T77.2+4.7 T3+58 S05+3.6 OOM OOM
CRAWL [67] Ofn+k-m)-£) 904+7.1 68.0+65 762+3.7 734+2.1 478439 T83+55 928422
I-AGENTNET (¢) 894 +109 666+76 T51+34  T49439 3523+39 674430 TI9+30
AGENTNET Ok - £) 936 +86 6744359 T767+32 732+46 522438 B0 +27 942 +1.2
Rank I st 3rd d4th 3rd 3rd 2nd Ist
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Remind PXGL-GNN ...

Patterns can be correlated, not causal

Pattern | MUTAG PROTEINS DD NCII COLLAB IMDB-B REDDIT-B REDDIT-M5K
paths 0.095+0.014 0.550+0.070 0.093 +0.012 0.022 £0.002 0.587 £0.065 0.145+0.018 0.131 +£0.027 0.027 = 0.003
trees 0.046 £ 0.005 0.074 = 0.009 0.054 £ 0.006 0.063 £ 0.008 0.105 £ 0.013 0.022 £+ 0.003 0.055 £ 0.007 0.025 = 0.003

graphlets | 0.062 £+ 0.008 0.081 £0.011 0.125 £ 0.015 0.101 £0.013 0.063 = 0.008 0.084 +0.011 0.026 £ 0.003 0.054 £+ 0.007

cycles 0.654 +£0.085 0.099 =0.013 0.094 £ 0.012 0.176 £ 0.022 0.022 £+ 0.003 0.123 +0.016 0.039 £+ 0.005 0.037 = 0.005

cliques 0.082 £0.011 0.098+0.012 0.572+0.073 0.574+0.075 0.134+0.017 0.453 £0.054  0.279 + 0.069 0.256 £+ 0.067

wheels 0.026 = 0.003 0.039 £+ 0.005 0.051 £+ 0.007 0.012 + 0.002 0.068 = 0.009 0.037 £ 0.004 0.036 £ 0.005 0.0 .003
stars 0.035 £ 0.005 0.056 £ 0.007 0.011 £0.002 0.052 £+ 0.007 0.021 £0.003 0.136 £0.017 0.447+0.006 0.578 .033

Table 2: The learned A of PXGL-GNN (supervised). The largest value is bold and the second largest value is blue.

Method |  MUTAG PROTEINS DD NCI1 COLLAB IMDB-B REDDIT-B  REDDIT-M5K
GIN 84.53 £2.38 73.38 £2.16 76.38 £1.58 7336 £1.78 7583 £1.29 7252+£1.62 83274130 5248 +1.57
DiffPool 86.724+ 195 76.07 £1.62 77424214 T75424+2.16 7877136 T355+£2.14 84161128 5139+ 148
DGCNN 8429+ 1.16 7553 +£2.14 7657 £1.09 7481 %153 7759224 7219+£197 86331229 53.18 241
GRAPHSAGE | 8635+ 1.31 7421 +1.85 79.24 £2.25 7793 +2.04 7637+ 211 7386 +2.17 8559+192  51.65 4+ 2.55
SubGNN 87.52 237 76.38 £1.57 8251 £1.67 8258 +1.79 81.26 £153 71.58 £1.20 88.47 £ 1.83  53.27 £1.93
SAN 92,65 £1.53 75.62 +£2.39 8136 £2.10 83.07 £1.54 8273 +192 75274143 9038154 5549 £ 1.75
SAGNN 9324 £2.51 75.61 £2.28 84.12 +£1.73 81.29 £1.22 7994 £ 1.83 7453 257 89.57+2.13 5411 £1.22
ICL 9134 £2.19 7544 £1.26 8277 £1.42 8345+1.78 8145+121 73294146 90.13+140 56.21 £1.35
S2GAE 89.27 =153 76.47 £1.12 8430 £1.77 82.37 £2.24 8235 +234 7577 £1.72 90.21 =152  54.53 + 2.17
PXGL-GNN | 94.87 +2.26 78.23 £2.46 86.54 195 8578 +2.07 83.96+1.59 7735+232 91.84+1.69 57.36+2.14

Table 3: Accuracy (%) of Graph Classification. The best accuracy 1s bold and the second best 1s blue.

Konkuk university
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Spurious Correlation

* Focus on “shortcuts”
v" Pentagon Pizza Index (Pizza Meter)
v" Marriage rate in Kentucky

Konkuk university

Fishing boat deaths

20 deaths

10 deaths

0 deaths

People who drowned after falling out of a fishing boat
correlates with

Marriage rate in Kentucky

1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010

1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010

-® Kentucky marriages == Fishing boat deaths
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Spurious Correlation

« Focuson “shortcuts”
|
v" Pentagon Pizza Inde:i

Konkuk university
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Information-based Causal Learning (AAAI'24)

A Twist for Graph Classification: Optimizing Causal Information Flow in Graph
Neural Networks

Zhe Zhao'’, Pengkun Wang'?*, Haibin Wen*, Yudong Zhang', Zhengyang Zhou'?, Yang Wang '%°*

"University of Science and Technology of China, Hefei 230026, China
2Suzhou Institute for Advanced Research, University of Science and Technology of China, Suzhou 215123, China
3City University of Hong Kong
4Shaoguan University
SKey Laboratory of Precision and Intelligent Chemistry, USTC
{zz4543, zyd2020} @mail.ustc.edu.cn, {pengkun, zzy0929, angyan } @ustc.edu.cn, haibin65535 @gmail.com

Cited: 20

« Correlation is not a “causation”
v 7|Z& mutual information Z|CHz} A2 [(Z; V) & 7 |2+ 'eF (correlation maximization)
v SFX|2t correlationd|= casual feature + non-causal feature? f 1R/ -> out-of-distribution (OOD)0{|A] 72
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Information-based Causal Learning (AAAI'24)

» Structural Causal Model (SCM)
v C « G - S:C= causal features| S= non-causal featuresO|H, input GOl= 0| 2&%
v 7 - Y: X5 SHE= graph representation= Sl label2 0|E6H= 2
v C - 7« S:Z=F0% graphical data G2| representation 2, GNN 222 causalt non-causal features& A || &t
W AESHH atset
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Information-based Causal Learning (AAAI'24)

« Causal node/edge®} non-causal node/edgeE 22} ot5613 37H2| objectiveE SA[0f| 2| M350t == T

Z:Y) @

Output Y Output Y
- ) \. - I
G ¥ G ; X :
Input X Intermediate representation Z Input X Disentangle intermediate
representation Z
[ Causal features © Non-causal features Information flow ]
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Information-based Causal Learning (AAAI'24)

« Mutual information chain rule= 0| &3l causal/non-causal 2HHIE F1=
1(Z;Y)=I1(C,S;Y)=I(C;Y)+ I(S;Y|C)
v I(C; V)= true information2} causal dependenceE 2|0|

v I(S; Y|0)= noiset C2= AHE 4~ = non-causal dependenciesE 2|0]

=8| 1(Z; V)2 £ &3I6H= 22 | &= termO| 7| S22t 20|13, O] = non-causal dependencies 20| Yt

=0|I(Z;Y)S
[ s== Aol

1

tot

o [ZtA, objectiveS Of2H A|O 2 CifX|&t

max[(Z;Y)&maxI(C;Y) &minI(S;Y|C)
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 Testaccuracy of classification on TUDataset

Information-based Causal Learning (AAAI'24)

Method MUTAG NCII PROTEINS COLLAB IMDB-B IMDB-M AVG
DiffPool 85.61+6.22 7506366 7625+421 7924+1.66 7T447+£384 4920+£3.10 76.38
SortPool 86.17+x7.53 79.00+1.68 7548+1.62 77.84+122 73.00£3.50 4953+2.29 7649
AGNN 719.77T+854 7996 +237 7566+394 81.10+£2.39 73.10+£4.07 49.773+£3.72 76.15
GCN 88.20+7.33 8297234 7565+324 81.72+£1.64 73.89+£5.74 51.53+£3.28 78.00
GCN + CAL 88.89+7.16 83.16x1.73 7332+220 8224+1.62 74.00£5.68 51.7+£3.37 79.05
GCN + ICL 88.33+6.89 8321 +£2.17 7493+288 82.68+1.90 74..70+5.21 51.27+3.02 79.22
GIN 89.42+740 82771152 76.21+383 82.08+1.51 73.40+£3.78 51.53+£2.97 78.35
GIN + CAL  87.81 £10.51 82.73+2.24 73224346 82.66+x193 73.60+£5.70 5147277 78.31
GIN + ICL 88.39+8.80 83.36+222 7502351 8268+1.06 7450+£4.09 52.00+4.18 79.35
GAT 88.58+7.54 8211143 7596+326 8142+141 72770+£4.37 50.60+3.75 77.88
GAT + CAL  88.83+6.82 8336+x085 7440+4.14 81.86+142 71.90+£5.20 50.07+2.84 77.79
GAT + ICL 91.02+7.02 8338+1.7 75.12+3.31 81.82+1.20 72.60+2.46 50.67+3.60 78.98

Konkuk university
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Information-based Causal Learning (AAAI'24)

 Performance and Ablation study on the Synthetic Dataset and Real Dataset

Spurious-Motif

Method MNIST-75SP  Graph-SST2 Molhiv AVG
b=0.5 b=0.7 b=0.9
Attention 3042 +1.50 3741 £0.86 3346+043 15.19+2.62 81.57+0.71 75.84+1.33 53.87
Top-k Pool 41.21 £7.05 4027+7.12 3360091 1491325 79.778+135 7301+1.65 53.94
SAG Pool 43.82 £ 6.32 4045750 33.60x1.18 1431x244 80.24+£1.72 73.26+0.84 54.36
DIR 43.88 +4.27 41.87+1.81 39.12+351 1947+1.69 81.89+0.73 68.04+6.24 5495
GCN 46.20 £ 2.34 38.12+£456 3455+£1.23 11.35+£2.01 8209345 9579+£1.56 55.55
GCN + CAL 7531 £11.35 6938 +£10.79 358357+£594 1576231 84.39+£0.28 96.59+£0.05 71.26
GCN + ICL 7745+£1245 75.09+£840 63.69+£8.73 17.04+£3.59 84.67+x0.37 96.89+£0.07 72.53
GIN 81.07£3.12 6930456 5993+234 11.80x1.33 8437£256 9684321 70.59
GIN + CAL 82.89 + 8.53 86.86 +9.55 86.56+891 18.74+2.02 84.59+0.33 97.19+0.07 81.20
GIN + ICL 82.95 £ 8.53 89.00+6.65 86.62+540 19.07+1.57 8446+046 97.19+0.05 8I1.35
GAT 3345+2.12 33.60+1.62 33.77+3.45 0.80+1.23 82.10+4.56 97.01+2.34 53.94
GAT + CAL 38.02 £6.87 3042 £6.01 35.67 £4.35 20.64 £5.3 8430+x04 97.24+0.06 59.15
GAT + ICL 42.30+10.29 4201 +1036 4020+7.78 21.29+8.40 8431+04 97.27+0.05 60.82
Konkuk university 60
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1. What is Explainability?

2. Explainable GNNs

3. Identifying Informative Substructures
4., Conclusion
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Recent trends

* Important nodes/edges/subgraphs
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Figure 6: AgentNet node visitation heat map on test graphs from the MUTAG dataset. The brighter the
color, the more often the given node has been visited. Agents prioritize some important substructures
(NO2) when they move around the graph.

[1] Propagation Structure-Aware Graph Transformer for Robust and Interpretable Fake News Detection, KDD'24
[2] Agent-based Graph Neural Networks, ICLR'23
[3] MAG-GNN: Reinforcement Learning Boosted Graph Neural Network, NIPS'23
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Limitations

* Mismatch across representation units

2-hop ego-network for Attenion pattern for A- Attenion pattern for 1-WL
- B - = Original graphs hop GNN subgraph GNN
n=3 undirected n=3 directed st i - e nodel . R e
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[1] https://www.mdpi.com/1099-4300/26/2/128
[2] Improving the Expressiveness of K-hop Message-Passing GNNs by Injecting Contextualized Substructure Information, KDD'23

Konkuk university 63 Graph & Language Intelligence Lab.



Limitations

* Overlap / entanglement of substructures
v’ Substructures?t Z3X|HM 2t substructure?| 7 |04/20| 2T 3| 22| =|X| ot ak50| 2PYSHE = US
. Heterogeneous / temporal graph0f| 83517 | 0{2{Z
v Sl JRZ0l M= "SR RS HLlSh= 2R E OHoHR

— AT

Node Token

Edge Token
(TokenGT)

Subgraph Token (SAT) K-hop neighbor Token (NAGphormer)

[1] A Survey of Graph Transformers: Architectures, Theories and Applications, arXiv:2502.16533
[2] Evaluating the Structural Awareness of Large Language Models on Graphs: Can They Count Substructures?, KDD'24
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Limitations

* Substructure that is neither causal nor counfounding

[1] Subgraph Information Bottleneck with Causal Dependency for Stable Molecular Relational Learning, 1JCAI'25
[2] Debiasing Graph Neural Networks via Learning Disentangled Causal Substructure, ICLR'22
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Limitations

* Substructure that is neither causal nor counfounding
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Figure 10: Visualization of subgraphs extracted by the mask generator from CFashion-75sp.
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Figure 11: Visualization of subgraphs extracted by the mask generator from CKuzushiji-75sp.

[1] Subgraph Information Bottleneck with Causal Dependency for Stable Molecular Relational Learning, IJCAI'25
[2] Debiasing Graph Neural Networks via Learning Disentangled Causal Substructure, ICLR'22
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Future works

042 =0|QI0[A2] causal subgraph A1
v" not synthetic, but real-world dataset

o HTIXMOlF==/ME2I2 E6l subgraph MEH H|E H2F

Beyond homogeneous graphs
v Temporal graphs

v" Heterogeneous graphs

v Multimodal graphs

More researches..
v" Graph Information Bottleneck
v" Subgraphormer (ICML'24) 1]
v NeuralWalker (ICLR'25) 2]

[1] Subgraphormer: Unifying Subgraph GNNs and Graph Transformers via Graph Products, ICML'24
[2] Learning Long Range Dependencies on Graphs via Random Walks, ICLR'25

Konkuk university 67

Graph & Language Intelligence Lab.



Thank you for listening ©
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